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Abstract

Pedestrian trajectories are used to learn about human behavior in public space and the impact
of spatial features on pedestrian flows. Currently, these trajectories are collected manually,
with self-tracking devices, or with video cameras. Even when trajectories are obtained
using computational techniques, such as using computer vision to trace them in space, these
datasets are not made available for reproducibility or comparative studies between different
locations. To close this gap, this paper makes available the data of pedestrian trajectories
collected in 39 European squares. Firstly, we summarize the data collection process which
was based on collecting footage from publicly available webcams. Secondly, we describe
the process of trajectory extraction entailing object detection, tracking, and georeferencing.
Lastly, we describe the data cleaning and validation steps that lead to the final dataset. The
dataset ultimately includes 348,300 pedestrian trajectories extracted from 193 hours of video
footage, collected at different times of the day, during working days and weekends, and
during the Spring and Summer season.

Background and Summary

Pedestrian tracking has been used in various urban research fields, from the design of public
squares [1, 2, 3, 4, 5] to the analysis of human behavior. Some examples can be found in

*corresponding authors: wolffn@mit.edu and fduarte@mit.edu
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crowd control [6, 7, 8], transport infrastructure optimization [8, 9], or crowd animation in
video productions [10].

For data collection in public places, researchers like Jan Gehl [11, 12] relied on manual
sketching of human trajectories. William H. Whyte [2] pioneered the use of video cameras to
understand people’s behavior in public spaces. By analyzing walking speeds, the distribution
of pedestrians in an area, and their basic behavior (e.g., standing, sitting, or walking),
researchers extracted information about the use of squares, the attractiveness of specific
features, or the best design for paths and seating arrangements. Contemporary research
has automated data collection and analysis using means such as computer vision [3, 13, 4].
The analysis of pedestrian trajectories has also been automated by giving a mathematical
representation to specific usage patterns of place users [5, 4].

Most available datasets on pedestrian trajectories have been created for the purpose of
evaluating pedestrian tracking approaches [14, 15, 16]. Datasets for tracking evaluation come
with the necessity of ground-truth data on trajectories, which makes the creation of such
datasets resource intensive. Other datasets, collected for research in crowd behavior, are
often limited to a specific scene [7, 17, 8], or even involve actors for specific crowd behavior
[18, 6, 19].

This paper offers pedestrians’ trajectories collected in 39 European squares. Data was
originally collected to analyze the impact of street seating on place vitality, following
the methodology of Niu et al. [4]. In addition, we looked at the impact of seasons and
temperatures on the use of public places. But we found that one of the main gaps in the
literature, even more when it comes to comparative studies in urban settings, is the availability
of datasets based on common standards. This is the main contribution of our paper: to provide
an open-source dataset of pedestrian trajectories in multiple public squares following standard
data-collection and data-processing methods, which are also detailed here. The publication
of our dataset will enrich quantitative research on the use of public squares, including the
understanding of the impact of place design on its vitality, human interactions in public
spaces, pedestrian modeling, or crowd behavior.

Methods

The methods used for data collection and processing can be grouped into two steps; i) Square
recording, describing the recording of place videos, and ii) Data processing, describing the
steps needed to retrieve trajectories in real-world coordinates from video material.

Place recording

Many cities worldwide have webcams installed in public spaces. Webcam streams are
available through platforms like YouTube. We reviewed two main databases of publicly
available webcams [20, 21], selecting webcams based on technical and methodological
criteria:
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• A public square had to be visible in the video.

• The stream had to be recordable through the VLC media player.

• The stream had to have a frame rate of at least 15 fps to ensure good tracking results.

• The stream had to be free of lag, compression artifacts, and pixel errors. Pedestrians
had to be clearly visible in the video.

Recording times and dates

Based on the guideline “How to study public places” created by Jan Gehl [11] and the
observations by William H. Whyte [2], we recorded each place in four different time slots,
for 30 minutes each in June 2024.

• Morning: 8:00 - 8:30 local time

• Noon: 12:30 - 13:00 local time

• Evening: 18:00 - 18:30 local time

• Saturday: 12:30 - 13:00 local time

To also add seasonal data to our research, we additionally recorded four squares (Assisi,
Biberach, Celanova, and Varberg) between 25th of March and 22nd of June 2025. Ultimately,
we collected two datasets using the same methodology. A comparative dataset containing 39
squares with four recordings each was collected investigating the use of street seating. We
therefore did not record places when it was raining or when events (e.g. markets and parades)
changed the general use of the place. When necessary and possible, recordings were repeated
on another day to ensure a full set of data. The seasonal dataset containing 4 places was
collected to learn how seasonal changes influences the use of public squares, so we collected
data in different weather conditions.

Webcams available online generated streams with various resolutions, frame rates, and
duration. In the first step of data processing, we down-sampled the resolution of the videos to
HD (1280 x 720 pixels). When higher, the frame rate was reduced to 15 frames per second to
guarantee consistency across the collected footage. To ensure a uniform video length, each
stream was recorded for exactly 30 minutes.

Parameters of place recording

For each recording and for each recorded square, various general parameters have been
collected (see Table 1). Using a Python script, we retrieved the weather information from
World weather API [22] for each recording. To limit the analysis to the square, we have
excluded adjacent streets and parking lots by creating polygons over the recorded videos.
Table 1 summarizes the recording parameters, including corresponding units.
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Table 1: Square observation parameters

Variable Comment Unit

Square area m2

City population No.
Temperature – city level °C
Windspeed – city level m/s
Humidity – city level %

Data processing

The extraction of trajectories from the video material included three steps (see Figure 1):
object detection, object tracking, and georeferencing. This section describes the steps to
extract pedestrian locations from the raw video footage (object detection), to detect humans
through multiple frames (object tracking), and ultimately to transform the extracted pixel
coordinates into real-world coordinates (georeferencing).

a) b) c) d)

Figure 1: The steps of trajectory extraction from a) Raw video material: b) Object detection
resulting in identification of pedestrians; c) object tracking resulting in trajectories in pixel
coordinates; and d) georeferencing resulting in trajectories in geo-coordinates.

Object detection

In line with similar research in the urban domain [5, 4], we have utilized the YOLO (You
Only Look Once) object detection algorithm. YOLO is available as an open-source Python
package and compatible with various object trackers. In addition to the selection of a specific
object detection model, datasets used for training such models have a significant impact
on the model’s performance [23]. A model mainly trained on humans can detect humans
better than a model trained on various classes, such as trees, cars, animals, and humans
[24, 25]. In the context of training and evaluating human detection models, the COCO dataset
[26] and the crowdhuman [27] dataset stand out. YOLO comes in several versions with
multiple pre-trained models based on various training datasets. For this research, we tested
various combinations of versions and models [28, 29, 30, 31, 32]. To evaluate the models’

4



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

performance, we validated the models on the crowdhuman dataset. Following Raino et al.
[33], we compared the models based on precision, recall, the mean average precision (mAP)
for an “intersection over Union” (IoU) of 50 (50% of the predicted object overlap with
the ground truth object) and 95 (95% of the predicted object overlap with the ground truth
object).

Table 2: Evaluation results for different YOLO object detection models.

Model (pretrained) Source Precision Recall mAP (50) mAP (95)

YOLOv8m [30] 0.671 0.437 0.513 0.273
YOLOv8m_crowdhuman [32] 0.876 0.661 0.725 0.509
YOLOv8_humancount [28] 0.032 0.052 0.017 0.005
YOLOv8l_world [30] 0.624 0.471 0.530 0.278
YOLOv8x-world [30] 0.625 0.470 0.530 0.279
YOLOv9c [34] 0.673 0.441 0.520 0.279
YOLOv10l [31] 0.679 0.419 0.504 0.274
YOLOv10x [31] 0.674 0.426 0.501 0.271

Model (custom trained) Source Precision Recall mAP (50) mAP (95)

YOLOv10l_crowdhuman (custom) 0.871 0.684 0.787 0.528

From the comparison of different YOLO object detection models, which were pre-trained
on a variety of datasets, YOLOv8m pre-trained on the crowdhuman dataset [32] stood out
as the best object detection model – see Table 2. Validated on the crowdhuman dataset
[27], it achieved high scores for precision and recall even for a strict IoU of 95. To utilize
the speed of the newer version of YOLOv10 [31] and the accuracy of a custom-trained
model, the crowdhuman dataset was downloaded and adjusted to the YOLO dataset structure.
YOLOv10l has been trained on it for 300 epochs. The training was computed on an NVIDIA
RTX 3070 Ti with 8GB of GPU-RAM and 64GB of RAM. The process took 72 hours
and resulted in significant improvements in the models’ detection, as highlighted in Table
2. Compared to the pre-trained YOLOv10l model, the precision increased by 23%, and
recall increased by 38%. Compared to the pre-trained YOLOv8m_crowdhuman model, the
precision decreased by 0.5% while recall increased by 3.3%. Also, mAP 50 and mAP 95
showed higher scores for the custom-trained YOLOv10l model. This is why it was ultimately
chosen for the research.

Object tracking

Tracking algorithms generally compare detected objects in frame n with the objects in frame
n+1. By assigning IDs to the objects, similar objects on consecutive frames can be assigned
with the same ID. To reduce the complexity of the comparison of objects in each frame,
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tracking algorithms estimate the trajectory of each object and only compare objects in the
estimated pixel space of a frame with the detected object of a previous frame. The result is
continuity between frames [35, 36]. Figure 2 visualizes the object tracking process in the
example of human detection.

Objects:

 

Detection Network 
(YOLO v10l)

MOT Algorithm 
(Bytetrack)

Figure 2: A pictorial explanation the process of multi-object-tracking as adapted from Hassan
et al. (2024). The objects detected by a detection network are labeled with unique IDs by the
tracking algorithm.

Tracking algorithms must mitigate various challenges in the trajectory extraction process
[37, 35, 36, 38, 39]. Firstly, they need to cope with the occlusion of detected objects. For
the perfect trajectory extraction, a person must keep their ID even after being occluded
by an object (e.g. a tree) for a few seconds. This means that the tracking algorithm must
remember every detected object for a predefined number of frames (or predefined duration)
and continue to compare these “buffered” IDs to objects in future frames. Secondly, tracking
algorithms need to mitigate false positive detections of the object detection algorithms. An
ID should not be given to a shadow that is falsely detected as a human for just one frame.
And thirdly, IDs should not be swapped between objects with high similarity (“ID swap”).

The multi-object tracker (MOT) ByteTrack [39] is closely integrated into the Python
package “ultralytics” together with the YOLOv10 [40]. ByteTrack is a capable tracker
and has outperformed multiple available trackers [39]. ByteTrack comes with multiple
hyperparameters that needed to be tuned to mitigate the challenges of occlusion and ID swap.

Applying the tracking algorithm ByteTrack resulted in videos with annotated pedestrians
that were used for debugging, hyperparameter tuning, and general understanding of the scene.
Furthermore, the results of the tracking were stored in a CSV file for further calculations.
Optimal parameters for the use of ByteTrack in our video dataset are described in Table 3.
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Table 3: Hyperparameters for ByteTrack

Parameter name Description Value

track_activation_threshold min. confidence of detection to start tracking [%] 0.30

lost_track_buffer
number of frames that is buffered for
re-identification of objects

125

minimum_matching_threshold similarity between consecutive detection [%] 0.95
minimum_consecutive_frame number of consecutive detections to start tracking 3

Georeferencing

As described in the previous section, the location of humans (in fact: their bounding boxes)
are described in pixel coordinates [31, 39]. Pixel coordinates do not allow for any implications
about depth information (how far away) or information about walking speed. Due to the
perspective of the webcams, humans with the same walking speed move fewer pixels in the
back of the picture than in the front.

To extract information such as walking speed or user density, the pixel coordinates must
be translated into real-world coordinates. In computer vision, this is usually done by creating
a transformation matrix that maps the pixel coordinates into real-world coordinates. For
such a matrix, multiple pieces of information about the camera are needed, such as lens
distortion, the height of the camera, and its rotation in each direction [41]. In this research,
this information was unknown, as the video material was collected from webcams available
online. Therefore, an estimation of the transformation matrix had to be found. This research
followed the methodology called ’homography’, used in similar research by Loo et al. [13].
Homography suggests that two images of the same plane (in our case: the square) contain
the same information, just differently transformed [42]. If multiple features can be identified
in both planes, a transformation matrix (also called homography matrix) can be calculated.
The homography process is less precise than working with a hardware-based transformation
matrix, but the estimation of the location of humans has been proven to be precise enough
for the analysis of places [13].

In this research, two images of each place were available: The image of the camera and
satellite imagery from Google. Google satellite imagery is visualized in the Pseudo-Mercator
projection (EPSG:3857). Using homography, the coordinates of the original image from the
camera were therefore transformed into the ESPG:3857 coordinates of the satellite imagery.
From this coordinate system, a transformation in any other world coordinate system is
possible. Features of the square imagery could be any fixed object that was visible in both
images, such as street furniture, corners of buildings, pavement, stairs, or trees. Figure 3
shows a selection of place features that were identified in pixel and real-world coordinates
for the example of Wolsztyn square, in Poland.
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Figure 3: The mapping of pixel coordinates (left) to real-world coordinates (right).

For the selection of corresponding feature pairs, the “Georeferencer” of the open-source
geo-information software QGIS [43] was used, which stores the location of each selected
feature in pixels and geo-coordinates. A Python script based on the package OpenCV
[44] was used to calculate the homography matrix from the extracted feature points [45].
The homography matrix was finally applied to transform every pixel coordinate into geo-
coordinates. The homography matrix had to be created for each square individually.

Data Processing

To ensure a dataset with complete trajectories and reproducibility, this section shortly outlines
the process of data processing. Figure 4 visualizes the relevant steps and provides detailed
information about the parameters we have used.
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Figure 4: Full process of data processing

First, trajectories with a length of less than 30 data points (duration of 2 seconds) are
removed. Using homography, real-world coordinates are calculated for each data point.
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A sliding window is applied to smooth the trajectory, avoiding noisy data. Based on the
real-world information, coordinates outside the square-boundaries are removed. We down-
sampled the trajectories to two data points per second to reduce complexity. Based on these
filtered data points, noise-sensitive information, such as speed or number of people per frame,
is calculated and added to the data structure. The trajectories are provided in both .csv and
.geojson formats to enable various applications.

Data records

The dataset [47] is available on zenodo.org. An overview of the observed squares is provided
in the file "Place_overview.xlsx". It describes each observed square, including access
link to the recorded webcam and an individual square number (“No.”). This number can
be utilized to filter the dataset for a specific square. The files "stats_season.csv" and
"stats_comparative" contain weather information and general information about the
recordings. The dataset contains two main folders:

The folder “01.Trajectories” contains raw trajectory data, published in the subfolder
“01.Trajectories_raw” containing the trajectories as extracted by ByteTrack without the
processing or filtering steps. The columns of each trajectory file are described in Table 4.

Table 4: Column description for the raw trajectory files

Variable name Description

x_min the left edge of the bounding box in pixel coordinates
x_max the right edge of the bounding box in pixel coordinates
y_min the top edge of the bounding box in pixel coordinates
y_max the bottom edge of the bounding box in pixel coordinates

class_id
The ID of a class follows the definitions of the COCO dataset.
In this research, always ‘0’ for the class human

confidence percentage of confidence that the bounding box describes the specific class
tracker_id a unique ID for every detected human

frame_index
The video frame on which the detection was performed. For a video with 15
frames per second (fps), there is a time difference of 0.067 seconds between
every frame.

The subfolder “02.Trajectories_modified” contains the final trajectory dataset. The
modified trajectory files are described in Table 5. These trajectories are also available in
geojson format.

The second main-folder “02.Resources” contains files that are used during the process-
ing steps. More specifically, these are:

• The homography matrix used for each square in the folder “01.Geotransformation”
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Table 5: Column description for the modified trajectory files

Variable Name Description

x_min The left edge of the bounding box in pixel coordinates
x_max The right edge of the bounding box in pixel coordinates
y_min The top edge of the bounding box in pixel coordinates
y_max The bottom edge of the bounding box in pixel coordinates
centre_x Calculated as (x_max + x_min)/2
centre_y Equal to y_max
centre_x_sw Sliding window over centre_x (window size = 8)
centre_y_sw Sliding window over centre_y (window size = 8)
real_world_x centre_x transformed into EPSG:3857
real_world_y centre_y transformed into EPSG:3857
real_world_sw_x Sliding window over real_world_x (window size = 8)
real_world_sw_y Sliding window over real_world_y (window size = 8)
longitude real_world_sw_y in EPSG:4326
latitude real_world_sw_x in EPSG:4326

class_id
The ID of a class follows the definitions of the COCO dataset.
In this research, always ‘0’ for the class human

confidence
Percentage of confidence that the bounding box describes the
specific class

tracker_id A unique ID for every detected human

frame_index
The video frame on which detection was performed.
For a video with 15 frames per second (fps), there is a time
difference of 0.067 seconds between every frame.

speed Speed in m/s calculated based on longitude and latitude
number_people Number of unique tracker IDs calculated for each frame

• Polygon files (.csv) for the real-world coordinates and the pixel-coordinates of the
observed square outlines. The folder “02.Polygons” also includes images of these
polygons.

• Pictures from each square can be found in the folder “03.Place_images”.
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Ultimately, the final dataset includes 391 recordings distributed over 39 squares in Europe
entailing a total of 348,200 trajectories, obtained after cleaning and processing the original
dataset. To ensure reproducibility, the dataset entails location data in pixels and real-world
coordinates, as well as longitude and latitude (degree). Each trajectory has a specific ID,
ensuring a clear identification of single pedestrians.

Technical Validation

The technical validation of the collected data must be separated into the validation of the
object detection, the validation of the object tracking, and the validation of the georeferencing.

Validation of object detection

For the evaluation of the object detection, we used the precision and recall metrics. Precision
measures the accuracy of a model in positively predicting instances (here: humans). Recall
measures the model’s ability to identify all relevant instances. We extracted 50 random
frames (while including at least one frame per square) from the total video dataset and
counted for each frame the positive and negative detections, as well as the false positive and
false negative detections. Based on this, we calculated precision and recall evaluating the
performance of the applied object detection algorithm on the research-specific dataset.

Over all instances (humans) in the sample data, object (human) detection achieved a
precision of 93.8% (Figure 5, left) and a recall of 92.8% (Figure 5, right).

Figure 5: Precision (left) and recall (right) of YOLOv10l for a sample of n=50 frames.

Outliers with a precision of 0% have been observed primarily in squares with a human-
like statue. When the place was not visited by a pedestrian in the observed frame, this single
false-positive detection results in a precision of 0%. Outliers with 0% recall were observed
in squares where a single visitor was present but not detected. Squares with more visitors
resulted in very good precision and recall and therefore good object detection results.
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Validation of trajectory precision

Tested on various test datasets, the object tracker Bytetrack archives a "multi-object tracking
accuracy" (MOTA) of 80.3% on the pedestrian centered MOT17 benchmark [46]. The more
accurate "higher order tracking accuracy" (HOTA) test results in an accuracy of 63.1% on the
same dataset [39]. Due to the shear complexity of manual labeling of trajectories for ground
truth labeling, we are not able to generate a ground truth dataset. Instead we approach the
validation of trajectory quality in a two step process. In the first step, we inspect the quality of
trajectories based on their length. In the second step, we manually extract the completeness
and number of confused IDs for a subsample of 200 trajectories.
In the processing of trajectory data, we deleted trajectories with a duration shorter than 2
seconds, avoiding a dataset full of misclassified or re-identified pedestrians. This results in a
dataset with an overall median duration of trajectories of 32 seconds and mean duration of 54
seconds. Figure 6 visualizes the quality of trajectories depending on their duration, indicating
a high number of complete trajectories longer than 10 seconds. Table 6/I summarizes the
abundance of trajectories per time interval. The majority of trajectories has a duration between
2 and 50 seconds. Nevertheless, the dataset also contains more than 39 thousand trajectories
with a duration between 50 and 100 seconds and more than 17 thousand trajectories longer
than 100 seconds.

50-100s >100s10-50s

C
el
an

ov
a

Sv
id
ni
k

Lu
bl
in
ie
c

Figure 6: Density of trajectories with a duration of 10-50s (left), 50-100s (middle), and
more than 100s (right) on the example of Lubliniec (top), Celanova (middle), and Svidnik
(bottom).

To assess the trajectory quality, namely the completeness and confusion of IDs, we
randomly sampled 200 trajectories across different time frames (duration of 2-10s, 10-50s,
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50-100s, and >100s) as summarized in table 6/I. The sampling was executed in two steps,
where in the first step only 10% of all trajectories per time frame and recording are kept,
while ensuring at least 5 trajectories per subset. In a second step, 50 trajectories are randomly
selected for each time frame. This results in a diverse sample-set ensuring the representation
of various locations. For each sampled trajectory we created an annotated video clip to allow
a manual comparison of the tracking result with the recorded pedestrian. In line with the
object detection accuracy, 9 % of the sampled IDs are false positive (FP) classifications such
as trees or statues. We observed that the tracker fails to consistently re-identify seating or
standing pedestrians. This is likely due to the architecture of MOT algorithms like Bytetrack
which heavily rely on information coming from motion [39]. Re-identification of pedestrians,
e.g. after occlusion, is therefore less likely for stationary pedestrians. As shown in Table
6/II 0% of the stationary trajectories are classified as complete while more than 56% of the
moving trajectories are classified as complete. To account for this, we divided the sample
into stationary pedestrians (seating or standing) and moving pedestrians.

Table 6: Trajectory validation results for a sample of n = 200 split across four duration time
frames.

Trajectory duration: 2–10s 10–50s 50–100s >100s All

I. Sample Information
Total Number Trajectories 118,315 173,430 39,062 17,447 348,254
Sampled Trajectories (n) 50 50 50 50 200

Valid Trajectories (nvalid) 43 43 48 44 182
Stationary Trajectories (Count) 13 10 13 15 51
Moving Trajectories (Count) 30 37 35 29 131

II. Proportion of Complete Trajectories
All Samples 25.6% 48.9% 52.1% 34.1% 40.7%
Stationary Samples 0.0% 0.0% 0.0% 0.0% 0.0%
Moving Samples 36.7% 62.2% 71.4% 51.7% 56.5%

III. Tracking Quality
Average Completeness (ID Recall %) 49.3% 78.3% 91.1% 86.9% 77.4%
Total ID Merges (Count) 5 3 5 14 27
Trajectories with ≥ 1 ID Merge (Count) 4 2 4 10 21
Proportion of Samples with ID merges 13.3% 8.1% 11.4% 34.4% 16.0%

We then rated each sampled ID based on two features; completeness, and ID merges.
Completeness describes to what extent an ID covered the full trajectory of a pedestrian
(also called ID recall). An ID describing the full trajectory of a pedestrian in a square is
considered complete. When an ID only describes a fraction of a trajectory, we estimated
the full trajectory and state the covered fraction. When an ID describes multiple pedestrians
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(called "ID merge"), we estimate the completeness for the pedestrian that is assigned to the
ID for the longest period. We account for ID merges by total number (how often was an ID
assigned to an additional pedestrian) and per trajectory (How many IDs were assigned to one
or multiple other pedestrians). Table 6/III summarizes the results. The highest completeness is
found for trajectories with a duration between 50 and 100 seconds. Naturally, long trajectories
include more seating pedestrians, reducing the average completeness and increasing the
chance of ID merges. Shorter trajectories tend to be incomplete, indicating a higher share
of ID swaps (multiple IDs are assigned to one pedestrian). Overall, 56.5% of the sampled,
moving trajectories are complete and 84% of the sampled IDs describe not more than one
pedestrian.

Validation of georeferencing

The georeferencing of pixel coordinates is based on the visual methodology of homography.
Ultimately, the homography matrix is an approximation based on given cues (features in
world-, and pixel-coordinates). The quality of the geotransformation is therefore highly
dependend on the availability of these cues on the observed squares. To assess the quality
of the georeferencing, we selected a set of features in pixel coordinates and transformed
them using the same homography applied to the trajectory data. The georeferencing error
was then quantified by comparing the transformed feature locations with their corresponding
ground-truth positions.

Base map layers are regularly updated which sometimes changes the orientation of the
base map to the reference points. To avoid the impact of this characteristic on the assessment,
we calculate the distance between all transformed feature locations to one reference point
(See Figure 7). Comparing the resulting distances (north to south, east to west, and total) to
the corresponding distances of the ground truth locations, allows us to calculate the error of
the georeferencing. Table 7 shows the accuracy for two different squares. The square of Zlín
is paved with a grid like structure which increases the quality of georeferencing. As visible
in Figure 7, georeferenced and ground truth location are relatively close together. In contrast,
the square in Ozórkow only provides irregular features for georeferencing, which results in
larger errors, especially farther away from the camera.

Table 7: Validation of georeferencing using the example of Zlín and Ozórkow

Square avg. Error_ns avg. Error_ew avg. Error_total Error_range_total

Zlín 0.11m 0.7m 0.3m 0-2.2m
Ozórkov 1.44m 1.59m 2.58m 1.5-10.9m
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Legend: 

             Target location

                 Georeferenced

                 Camera angle

                 Reference point 

Figure 7: Accuracy of georeferencing for Ozórkow (left) and Zlín (right)

Usage Notes

The processing steps performed on this dataset were intended to reduce the number of
faulty trajectories. However, object tracking comes with limitations that also affect the
quality of this dataset. These limitations are the confusion of IDs and fragmentation due
to occlusion or faulty object detection. We modified the hyperparameters of ByteTrack to
overcome these limitations as much as possible. Nevertheless, this dataset ultimately contains
fragmented trajectories, trajectories of human shadows, and swapped or merged IDs. The
validation of trajectory quality revealed low completeness and ID consistency for short or
stationary trajectories. We generally did not see a big difference in tracking quality between
the observed squares. Inherently, crowded scenarios come with more occlusion, and therefore
with a higher number of confused IDs. For many research questions, these limitations are not
relevant. For others, these limitations might affect the research results. By providing the full
dataset, code, and descriptor, we aim to enable customized research based on this dataset.

Data availability

The dataset [47] is available on zenodo.org

Code availability

The Python code containing the preprocessing steps of the video files, the object-detection-
and tracking and the processing of the trajectory files can be found on GitHub and is published
on Zenodo [48].
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